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Abstract 11 12 
MARD 1.0 is a computer program for generating smoothed rose diagrams by using a13 
moving average, which is designed for use across the wide range of disciplines 14 
encompassed within the Earth Sciences. Available in MATLAB®, Microsoft® Excel 15 
and GNU Octave formats, the program is fully compatible with both Microsoft®16 
Windows and Macintosh operating systems.  Each version has been implemented in a 17 
user-friendly way that requires no prior experience in programming with the software. 18 
MARD conducts a moving average smoothing, a form of signal processing low-pass 19 
filter, upon the raw circular data according to a set of pre-defined conditions selected 20 
by the user. This form of signal processing filter smoothes the angular dataset, 21 
emphasising significant circular trends whilst reducing background noise. 22 
Customisable parameters include whether the data is uni- or bi-directional, the angular 23 
range (or aperture) over which the data is averaged, and whether an unweighted or 24 
weighted moving average is to be applied.  In addition to the uni- and bi-directional 25 
options, the MATLAB® and Octave versions also possess a function for plotting 2-26 
dimensional dips/pitches in a single, lower, hemisphere.  The rose diagrams from each 27 
version are exportable as one of a selection of common graphical formats.  Frequently 28 
employed statistical measures that determine the vector mean, mean resultant (or 29 
length), circular standard deviation and circular variance are also included. MARD’s 30 
scope is demonstrated via its application to a variety of datasets within the Earth 31 
Sciences.   32 
 33 
 34 
Keywords:  Rose Diagram, Moving average, Circular statistics, Vector mean, 35 
MATLAB®, Microsoft® Excel 36 
 37 
1. Introduction 38 
 39 
Moving averages, sometimes referred to as running averages, are a form of 40 
signal processing filter which produce averages of subsets of data series from within 41 
the master data series in 1-dimension. Data filtering of this kind serves a broad variety 42 
of applications within science and engineering, being primarily utilised to accentuate 43 
trends in data that are otherwise generally less apparent, or to recover meaningful 44 
signal components by removing the high-frequency noise.  Other uses include 2-45 
dimensional enhancements in the resolution of graphics, and providing a form of 46 
interpolation that generates intermediate values. Within the Earth Sciences, such 47 
analyses are commonly applied in various forms for image processing of aerial 48 
photographs, maps and satellite images (Diniz da Costa & Starkey, 2001; Jordan, 49 
2007).  Moving averages may be applied to rose diagrams that depict azimuthal data. 50 
At present, moving average rose diagrams are not commonly used within the Earth 51 
and Environmental Sciences; however, they are a very effective means of 52 
visualisation (e.g. Aerden, 2003; 2004; Aerden & Sayab, 2008).  The most obvious 53 
benefit of this representation is that the commonly segmented, or ‘blocky’ appearance 54 
of rose plots, due to aggregation of data in bins, is avoided.  55 
A range of good quality software is available for plotting geoscience data on 56 
both Mac and Windows platforms. Within these programs, rose diagrams are a 57 
common function.  Examples include GEOrient! (Holcombe, 1994), Spheristat", 58 
RJS graph, Stereonet!, OSXStereonet!, Grapher", KaleidaGraph!, Rose.C (Kutty & 59 
Ghosh, 1992) and EZ-Rose (Baas, 2000).  However, only one of these, Spheristat", 60 
presents a ‘smoothing’ function for rose and polar diagrams that is similar to a 61 
moving average filter. This program is relatively expensive to purchase and is only 62 
available for Windows.   63 
The primary aim of this paper is to promote the use and benefits of moving 64 
average filters within rose diagrams via the provision of freely distributable, user-65 
friendly programs which do not require any prior knowledge of high-level 66 
programming languages.  Three formats are presented for users to readily produce a 67 
moving average rose diagrams on either Windows or Macintosh platforms.  MARD is 68 
available 1) as a script written for MATLAB®, 2) a script for GNU Octave and 3), a 69 
macro implemented for use in conjunction with Microsoft Excel.  The benefits of 70 
MARD are illustrated via its application to a diverse range of datasets within the Earth 71 
and Environmental sciences. 72 
 73 
 74 
2. Moving average rose diagrams: overview and evaluation 75 
 76 
2.1.  Moving average rose diagrams: a definition 77 
 78 
When presenting rose diagrams, the most common convention within the 79 
Earth Sciences is to represent azimuthal data utilising 10# bins, the frequencies of 80 
which represent the sum of all of the azimuths within that bin. Binning is used in 81 
order to emphasise major trends in data, but inherently loses a certain level of detail 82 
because the distribution of data within the bins is unknown.  Moreover, the arbitrary 83 
selection of bin width and boundaries may have a significant impact upon the result. 84 
Moving average rose diagrams, on the other hand, evaluate the frequency of 85 
each azimuth within the context of those in immediate proximity to it. The frequency 86 
of each azimuth, and those of azimuths within a pre-defined range (the aperture, or 87 
moving window) either side of it are systematically summed and averaged.  The 88 
resultant average for each azimuth is then assigned to the central value position and 89 
plotted on the final rose diagram.  The broader the aperture, the greater the smoothing 90 
effect. 91 
 92 
2.2. Types of moving average: weighted versus unweighted 93 
 94 
Moving averages may be either unweighted (a.k.a. a ‘simple’ moving average) 95 
or weighted.  Where no weighting is applied, each azimuth frequency within the 96 
aperture is counted as its full value, i.e. each is deemed equally important in 97 
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 100 
where: M
$ is the unweighted average value to be subsequently plotted on the rose 101 
diagram for that azimuth, $ is the azimuth for which the average is determined, Fi  is 102 
the raw frequency at angle i, A is the aperture size. 103 
Alternatively, when a weighted moving average is applied, the raw values of 104 
the data in azimuths outside the central one are reduced by a magnitude that depends 105 
upon their proximity to the centre. The raw value of immediately adjacent data is 106 
reduced by less than those nearer to the margins of the aperture. Weighting permits 107 
more emphasis to be placed upon those data closer to the centre of the aperture.  A 108 
weighted mean is thus less than, and represents a proportion of, an equivalent 109 
unweighted mean.   110 
In many applications, especially when dealing with large datasets, unweighted 111 
moving averages are appropriate.  However, in a number of circumstances the 112 
application of a weighted average might be more beneficial.  One such example is 113 
when handling small datasets.  In particular, where data is clustered, an unweighted 114 
moving average may result in a ‘plateau’ distribution like a binned plot. The use of a 115 
weighted moving average in scenarios such as this provides a means of smoothing the 116 
data markedly whilst still preserving the local maxima.   117 
 118 
2.3. Weighted moving averages in MARD 119 
 120 
In MARD, weight is distributed among the azimuths in a non-linear fashion, 121 
because linear methods are intrinsically restrictive:  for example, reducing each value 122 
progressively by 10% from the central position can only be achieved for 10 positions 123 
either side before becoming negative.   However, the non-linear method is applicable 124 
to any aperture.  The user specifies a proportion, expressed as the weighting factor, 125 
which reduces the contribution of each neighbouring raw value with increasing 126 
distance from the reference position. Thus, in calculating the moving average around 127 
an azimuth of 87° using a weighting factor of 0.9, the frequencies of data at azimuths 128 
of 86° and 88° (one position removed from the centre) are reduced to 0.9 of their full 129 
values, and the frequencies at azimuths of 85 and 89° (two positions removed) are 130 
reduced to a proportion of 0.9 x 0.9 = 0.81 of their full values. The moving average 131 
for that azimuth is then the average of these weighted values within the aperture in the 132 

















      (2) 
135 
where: Mw
$ is the weighted average value to be subsequently plotted on the rose 136 
diagram for that azimuth, $ is the azimuth for which the average is determined, Fi  is 137 
the raw frequency at angle i, A is the aperture size, w is the value of weighting factor 138 
applied. 139 
 140 
2.4. The ‘up-scaling factor’ for weighted moving averages 141 
 142 
One effect of weighting the averages as described above is that it lowers the 143 
frequencies of the plot relative to those within an equivalent unweighted plot.  The 144 
degree to which this occurs is proportional to the degree of weighting applied.  Where 145 
the adjacent values are still weighted relatively strongly (e.g. a weighting factor of 146 
0.95) then the frequencies will not be reduced to a large degree.  On the other hand, if 147 
the adjacent values are allocated much lower weight than the central (e.g. 0.7) then 148 
the magnitude of frequencies will be reduced considerably more, resulting in a 149 
notable loss in magnitude of the moving average.   150 
In order to counter-act this effect, an ‘up-scaling factor’ is applied to the 151 
weighted moving average frequencies.  The value of this factor is inversely 152 
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 154 
where: 1/D is the up-scaling factor, A is the aperture size, w is the weighting factor.  155 
To upscale the weighted moving average, the proportion of the equivalent unweighted 156 
mean that the value of the weighted mean should represent is calculated for the 157 
selected aperture size and weighting factor applied.  Each weighted frequency is then 158 
multiplied (up-scaled) by the inverse of this proportion.  This restores the absolute 159 
frequencies back into a range equivalent to that of an unweighted moving average, so 160 
that they can be compared to the unweighted moving averages.  161 
 162 
2.5. Benefits and Limitations  163 
 164 
The primary advantage of moving average rose diagrams over their binned 165 
counterparts is the removal of the coarse, blocky appearance of the former, with 166 
artificial steps at bin boundaries.  The product is a plot that is more visually appealing 167 
and notably more informative.   Moreover, the suppression of minor variations by 168 
averaging accentuates significant changes or trends in the data. The main objective of 169 
applying moving averages to a dataset is to smooth the plot to emphasise the 170 
significant trends present, whilst retaining its original character as much as possible. 171 
Filtering data in this way inherently provides more context for the distribution of 172 
frequencies around the compass, and within individual bins, than conventional plots. 173 
Consequently, moving averages commonly reveal a more accurate representation of 174 
the distribution of modal maxima within a dataset than are otherwise portrayed in an 175 
equivalent binned counterpart (Fig. 1). 176 
One limitation of the moving average method by calculating a mean value (as 177 
implemented in MARD) is that it may potentially be influenced by outliers, i.e. 178 
spurious maxima. A median average method (e.g. Jordan, 2007) may ameliorate this 179 
problem, and this could be implemented in future versions of MARD. At present, 180 
however, the mean method is proposed because it is the most common and readily 181 
understood type of moving average. 182 
 183 
[FIGURE 1] 184 
 185 
3. Implementing moving average rose diagrams: adjustable parameters 186 
 187 
In the MARD program the user pre-defines a number of parameters; data type 188 
(this determines how the data are handled), number of datasets to be plotted, 189 
unweighted or weighted averaging, the magnitude of weighting (if applicable), and 190 
the sampling aperture (angular window over which the data is to be averaged).  The 191 
following section addresses the principal considerations associated with each of the 192 
above. 193 
 194 
3.1. Data type 195 
 196 
MARD handles three types of data. “Uni-directional” is implemented for use 197 
with uni-directional data, i.e. vectors that have a unique direction and therefore one 198 
compass azimuth only, for example palaeocurrents. “Bi-directional”, is designed for 199 
use with bi-directional data, i.e. lines that are specified by one azimuth as well as the 200 
complementary one at 180#, for example the strikes of planar features such as bedding 201 
or tectonic foliations.  The distinction between uni- and bi-directional data is 202 
sometimes referred to as the difference between directional and oriented data (Davis 203 
2002). The third data type (MATLAB® and Octave versions only) was incorporated 204 
primarily for representing porphyroblast inclusion trail pitches, a common application 205 
in microstructural geology.  For this data type, MARD generates a single semicircle 206 
below a diameter that represents an artificial horizontal reference.  Data represent the 207 
inclination, or pitch, of each element from the horizontal reference plane, with those 208 
inclined to the right of the page trending towards a given compass orientation and 209 
those to the left towards its complement. 210 
A selection of circular statistical functions commonly utilised to evaluate such 211 
datasets are also included.  These include the vector mean, mean resultant, circular 212 
standard deviation and circular variance/dispersion (Fisher, 1993; Davis, 2002; 213 
Pewsey, 2004; Allmendinger et al, 2012).  These functions are equipped to handle 214 
both integer and non-integer values.  A number of fully comprehensive circular 215 
statistics toolboxes are already available for MATLAB® (Jones, 2006; Berens & 216 
Velasco, 2009).  The vector statistics capability of MARD is not intended as a 217 
replacement for these, but is incorporated for convenience. 218 
 219 
3.2. Number of datasets to be plotted 220 
 221 
The operator specifies the number of datasets they wish to be plotted in the 222 
rose diagram (MATLAB® and Octave versions only).  Each dataset is then input 223 
independently when prompted. Generally it is recommended that no more than three 224 
datasets be plotted at once to avoid overpopulating the rose. 225 
 226 
3.3. Aperture 227 
 228 
Apertures are designated by odd values, so that the resultant average is 229 
positioned in the central location within it.  The aperture size exerts first-order control 230 
upon the appearance of the resultant moving average plot.  The lower the aperture, the 231 
closer the plot will resemble the raw, unaveraged, data, plotted in 1# increments.  This 232 
assumes that the data being dealt with are in integer degree format, however 233 
directional data may also be non-integer.  If the latter are input, they are automatically 234 
rounded to the nearest integer prior to counting.  As the aperture is increased, the plot 235 
becomes progressively more generalised, i.e. smoother (Fig. 2).  The more irregular 236 
the original dataset is, the larger the aperture that may be required in order to smooth 237 
it.  Consequently, the user’s discretion is necessary to decide which aperture is most 238 
suitable for any given plot.  One convention is to start with the unaveraged plot (1#) 239 
and incrementally increase the aperture by 2# until the desired effect is achieved.  240 
However, in our experience we have found an aperture of 9# to prove a suitable 241 
benchmark.  For some datasets an aperture of as little as 5# may be sufficient, 242 
however others may require a significantly greater value.  Some previously published 243 
moving average roses (e.g. Aerden, 2003; 2004; Aerden & Sayab, 2008) have utilised 244 
apertures of 21#, which have produced appropriate smoothing. 245 
 246 
[FIGURE 2] 247 
 248 
It is also important to preserve the essence of the data such that it is still 249 
representative of the original and does not become biased or highly distorted.  Beyond 250 
a certain value of aperture the data will begin to homogenise as apertures are 251 
progressively increased, amalgamating the major trends and becoming too generalised 252 
(e.g. Fig. 2d).  This arises due to the large portions of the data now being averaged, 253 
with each aperture averaging essentially the same sub-set.  Thus, the aperture utilised 254 
is dependent upon what the user wishes to highlight and to what degree they wish to 255 
preserve the minor peaks. 256 
 257 
3.4. Selecting an appropriate weighting factor 258 
 259 
The largest weighting factor of 1 will return the same values as an unweighted 260 
average, whereas a minimum possible factor of 0 will produce a scaled-down version 261 
of the original non-averaged dataset.  Thus, there is an inherent limit to the value of 262 
weighting factor that may be applied to smooth a particular dataset before it begins to 263 
resemble the original dataset.  For this reason, we recommend using weighting factors 264 
between 1.0 and 0.7.  These values are sufficient to smooth the data, whilst remaining 265 
sufficiently different to the original dataset.  It is advisable to begin with a higher 266 
weighting factor (e.g. 0.95) and progressively decrease the value in 0.05 increments 267 
until the smoothing is sufficient.  Values of 0.95 or 0.9 are most commonly adequate.  268 
The effects of applying different weighting factors are illustrated in figure 3. 269 
 270 
[FIGURE 3] 271 
 272 
3.5. Equal area option 273 
 274 
Commonly used rose diagrams with a linear radial scale for frequency 275 
generate visual bias due to the widening of a petal as it extends outwards from the 276 
origin (Nemec, 1988).  Frequencies may appear notably more or less prominent 277 
relative to those surrounding them in a manner disproportionate to their absolute 278 
differences in magnitude, potentially promoting mis-interpretations of apparent 279 
preferred orientations (Nemec, 1988; Wells, 1999; 2000; Baas, 2000; Davis, 2002; 280 
Borradaile, 2003). This bias is avoided in an equal-area rose diagram, in which the 281 
sector area, as opposed to the length, is proportional to the frequency. MARD 282 
therefore also offers the option of accounting for this bias via plotting the square root 283 
of each of the original moving average frequencies (cf. Davis, 2002; Borradaile, 284 
2003). We recommend that this should be the default type of rose diagram.  Figure 4 285 
conveys the impact of employing equal area roses compared to an equivalent linearly-286 
scaled plot; the former producing a more representative depiction of the relative 287 
strength of frequencies.    288 
 289 
[FIGURE 4] 290 
 291 
4. Using MARD 292 
 293 
The three versions of MARD are each operated slightly differently and utilise 294 
separate software packages, offering users maximum flexibility and preference.  A 295 
quick reference comparison guide is found in Table 1. 296 
 297 
[TABLE 1 HERE] 298 
 299 
4.1. The MATLAB® version 300 
 301 
The MATLAB® script has been designed to be used straightforwardly and 302 
efficiently by even those with no prior knowledge of programming with the software.  303 
Data is input in the same manner for both the uni- and bi-directional types, as single 304 
absolute compass azimuths. This may be done manually or via pasting directly from a 305 
text editor.  However, for bi-directional data, each azimuth is automatically replicated 306 
as its complement. A direction pertaining to azimuths of 000° and 180° may be 307 
entered as either value. Pitch/plunge data are handled differently.  As each value 308 
represents a pitch from the horizontal, data are entered as pitch values between 0# and 309 
90#, with those inclined to the right with respect to the plot as positive and those 310 
inclined to the left as negative.  Alternatively, if preferred, pitches may be entered as 311 
their equivalent absolute compass values between 90° and 270°.   312 
To produce the visual rose diagram output, MATLAB®’s in-built function for 313 
polar plots (polar.m) is called.  This function plots each moving average value or 314 
increment versus its associated azimuth in radians.  Once output, MATLAB® permits 315 
modifications of the plot to a degree via its built-in property editor, which permits 316 
saving the plot in a range of commonly utilised graphics formats.  However, we 317 
recommend exporting diagrams in .eps format instead, allowing for more 318 
comprehensive customisation of every element of the rose diagram in any vector-319 
based illustration package such as Adobe® Illustrator®, CorelDraw®, Canvas", 320 
OpenOffice or Freehand® (Fig. 5). The contents of each independent array can be 321 
accessed once the graphical output has been produced. 322 
 323 
[FIGURE 5] 324 
 325 
4.2. The GNU Octave version 326 
 327 
Octave has been developed as a freeware equivalent to MATLAB®, presenting 328 
almost direct compatibility for .m files utilised and produced by the former (Eaton et 329 
al., 2008).  A freely distributed manual for the software is available online, or a print 330 
version may be purchased for a modest fee.  Octave utilises the system’s command 331 
terminal shell and calls upon an independent graphics terminal to produce visual plots, 332 
which may be Aquaterm, or x11 (Macintosh) or Cygwin, or Gnuplot (Windows). The 333 
Octave version of MARD is almost identical to the MATLAB® version and presents a 334 
highly similar user interface.  Therefore, the operating instructions for this version are 335 
as above.  However, Octave’s polar plot format is initially somewhat different, and 336 
requires some quick-fix modifications to the output (Fig. 6). The circular statistics 337 
capability of the Octave version of MARD is also identical to that of the MATLAB® 338 
version. 339 
 340 
[FIGURE 6] 341 
 342 
4.3. The Microsoft® Excel version 343 
 344 
Since Microsoft® Excel is compatible with Visual Basic for Applications in 345 
both the latest Windows and Mac versions, it was logical to use VBA code to generate 346 
the output for plotting with the radar function. This is contained in the “Rose” macro 347 
subroutine contained in Module1 of the Excel workbook. The Microsoft Excel version 348 
of MARD utilises the standard “radar plot” in Excel, which is a crude type of rose 349 
diagram. Data are entered into column A of the Excel MARD spreadsheet, starting at 350 
row 4.  Row 1 contains a number of drop-down menus to set the adjustable 351 
parameters, including whether the data is Uni or Bidirectional, the Aperture (1 ≤ 352 
Aperture ≤ 35) and the weighting factor (1 ≥ w ≥ 0.5, in 0.05 increments). The 353 
program is run from the “Tools” menu by selecting the “Rose” macro.  This version 354 
of MARD does not possess the lower hemisphere option offered in MATLAB® and 355 
Octave, nor the capacity for plotting multiple data sets. 356 
The averaged data for plotting in the rose diagram are output in column H, 357 
commencing at row 4. These are scaled and plotted automatically. A range of features 358 
such as the plot title, font sizes and colour(s) may be readily formatted in the usual 359 
way in Excel. Unlike the previous two versions, outputs from Excel (e.g. Fig. 7) 360 
cannot be exported in vector-based graphics formats. 361 
 362 
[FIGURE 7] 363 
 364 
5. Applications 365 
 366 
5.1. “Uni-directional” option (all versions) 367 
 368 
The “uni-directional” option is demonstrated via its application to 369 
palaeocurrent orientations, a valuable tool in sedimentology and stratigraphy. Field 370 
measurements of the foresets of trough cross-bedding, a structure developed during 371 
uni-directional flow in fluvial, marine and aeolian systems, are frequently employed 372 
in the reconstruction of flow regimes and sedimentary provenance.  Figs. 1(a) and 3 373 
depict palaeocurrent trends extracted from sandstones at Porcupine gorge, Queensland, 374 
Australia (Roberts et al., unpubl. data) and the mid-Cretaceous Dinosaur Beds of 375 
Malawi, Africa (Roberts et al., 2010: Fig. 16) respectively. Microfracture orientations 376 
(Fig. 8) extracted from 25 Garnet porphyroclasts within the Mtilikwe shear zone, 377 
Zimbabwe, which have been interpreted as shear sense indicators (Blenkinsop & 378 
Kisters, 2005) are also presented. 379 
Further applications for this option include the orientations of glacial striations 380 
(Davis, 2002), the trends of intersection, crenulation or mineral elongation lineations, 381 
and fold hinges.  The lineations and fold hinges (common measurements in structural 382 
geology) are unidirectional because of the convention that their azimuths are recorded 383 
down plunge. Vertebrate bone orientations in sedimentary units have long been 384 
employed as a form of palaeocurrent indicator (e.g. Voorhies, 1969; Behrensmeyer, 385 
1982; 1987; Tucker, 2011). Vertebrate bone orientations in which one condyle is 386 
larger than the other can be utilised to constrain flow direction to a single azimuth.  387 
Bones with substantial aspect ratios and a well-defined long axis such as the femur, 388 
radius and humerus (Voorhies, 1969) assume spatial orientations indicative of flow 389 
direction at the time of deposition. The long axes of coalified logs have also been used 390 
as palaeocurrent indicators in a similar manner (Eberth & Currie, 2010) and also to 391 
infer ash flow direction (Roberts & Hendrix, 2000).  392 
 393 
[FIGURE 8] 394 
 395 
5.2. “Bi-directional” option (all versions) 396 
 397 
Figs. 1(b) and 4(b) represent the strikes of porphyroblast inclusion trails from 398 
the classic High-Temperature Low-Pressure Cooma Metamorphic Complex of S. E. 399 
Australia.  The inclusion trail strikes are those of sub-vertical internal foliations 400 
preserved within Andalusite and K-feldspar, measured via mechanical stage from 401 
horizontal thin sections. Such measurements are extremely useful in evaluating 402 
whether the porphyroblasts have been subject to significant rotation during 403 
subsequent deformation events. 404 
Figs. 5, 6 and 7 depict long axis orientations of Syntarsis rhodesiensis 405 
(Dinosauria, theropoda) bones within a sedimentary sequence from Zimbabwe 406 
(Roberts et al, unpubl. data).  These are considered bi-directional as opposed to the 407 
aforementioned uni-directional sets utilised for palaeocurrents because they are not 408 
associated with one specific azimuth (i.e. flow direction) and thus are represented as 409 
both. 410 
Additional applications of this function include the long axes orientations of 411 
igneous phenocrysts or granite bodies, (e.g. Blenkinsop & Treloar, 2001), dyke trends 412 
(Klausen, 2006), fault strikes (Wechsler et al., 2010), shear zone strikes (Blenkinsop 413 
et al., 1990) and the axial traces of folds.  The latter are distinguished from fold 414 
hinges, which are uni-directional measurements. 415 
 416 
5.3. “Pitches/plunges” option (MATLAB® & Octave versions only) 417 
 418 
The “pitches/plunges” option is illustrated via the plotting of 2-Dimensional 419 
porphyroblast internal inclusion trail pitches from the classic Cooma Metamorphic 420 
Complex of S. E. Australia.  The inclination of internal foliation pitches from the 421 
horizontal were measured directly from microscope thin sections using a mechanical 422 
stage.  The inclusion trails were measured perpendicular to their strikes, in order to 423 
obtain their true pitches.  This was conducted for andalusite and cordierite 424 
porphyroblasts (Fig. 9), both of which proved insightful in reconstructing the tectono-425 
metamorphic history of the complex.  The consistency of inclusion trail pitches 426 
exhibited by the rose diagrams, in conjunction with other microstructural and 427 
mesoscale evidence, is highly suggestive that the inclusion trails are representative of 428 
their initial orientations.  Such pitch measurements have been made in several 429 
publications on inclusion trails (e.g. Hayward, 1992; Johnson, 1992; Aerden, 1995), 430 
however the moving average rose diagrams presented here have a more informative 431 
appearance than the commonly utilised format of 10° binned data.  432 
 433 
[FIGURE 9] 434 
 435 
6. Conclusions 436 
 437 
Moving averages are an under-utilised form of analysis when dealing with 438 
circular, or vector, data in the Earth Sciences, perhaps because of the lack of moving 439 
average functionality in almost all available software used to produce rose diagrams.  440 
The dearth of moving average rose diagrams may be further enhanced by a lack of 441 
awareness of the benefits and potential use of moving averages when dealing with 442 
orientation data.  To this end, MARD is presented in several formats such that it is 443 
readily available to the scientific community, and has been designed for ease-of-use.  444 
The examples of moving average rose diagrams above illustrates their broad 445 
applicability to numerous and diverse fields in Earth Sciences.  They serve to reduce 446 
the background noise of the plots, and render significant trends readily apparent.  447 
When incorporating moving average rose diagrams in publications it is important to 448 
specify the number of elements within sample analysed, the aperture, whether linear 449 
scaling or equal area representations are used, and any weighting factor utilised in the 450 
on the figure or in the figure caption.  Moreover, when plotting multiple rose 451 
diagrams for comparison with one another in the same figure, we recommend utilising 452 
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Figure & Table Captions: 594 
 595 
Table 1.  Comparison of the main features of MARD between each of the three 596 
versions. 597 
 598 
Figure 1. Comparisons of conventional 10° binned rose plots (the left side) versus the 599 
same datasets plotted as moving averages (the right side).  The binned plots were 600 
produced in GEOrient (Holcombe, 1994). a) Palaeocurrent trends from Porcupine 601 
Gorge, Queensland, Australia. n = 81, aperture = 11°, weighting factor = 0.9. b) 602 
Strikes of inclusion trails in K-feldspar measured from horizontal thin sections 603 
extracted from the Cooma Metamorphic Complex, NSW, Australia.  n = 765, aperture 604 
= 9°, weighting factor = 0.9. Note that the azimuthal locations of modal maxima are 605 
masked in the binned plots, but evident in their moving average counterparts.  All 606 
plots equal area. 607 
 608 
Figure 2. Series of moving average roses depicting the effect of progressively 609 
increasing the value of analysis aperture for the same dataset. The data are inclusion 610 
trail pitches in andalusite porphyroblasts from the Cooma Metamorphic Complex, S.E. 611 
Australia.  a) The original, non-averaged, data (i.e. 1° aperture). b-d) Apertures of 5°, 612 
9° and 13° respectively.  Note that the data becomes progressively smoother with 613 
increasing aperture.  However, observe in (d) that the aperture size of 13° has over-614 
generalised the plot.  Thus, 9° is the best selection in this scenario; it smoothes the 615 
data sufficiently but preserves the important features. n = 1446.  All plots unweighted 616 
and equal area. 617 
 618 
Figure 3.  Series of rose diagrams conveying the effect of altering the value of 619 
weighting factor applied to a moving average for the same dataset at a constant 620 
aperture of 15°.  a) An unweighted moving average, or weighting factor of 1.0. b-d) 621 
Progressively decreasing values of 0.95, 0.9 and 0.85 respectively.  Note that the plot 622 
becomes notably smoother and less ‘blocky’ than the unweighted equivalent.  The 623 
data are palaeocurrent trends measured from the sandstones of the Dinosaur Beds of 624 
Malawi (Roberts et al., 2010).  n = 62.  All plots equal area. 625 
 626 
Figure 4.  Comparisons of equal area plots (the right side) versus their equivalent 627 
linearly scaled plots (the left side) for constant apertures and weighting factors.  a) 628 
Palaeocurrent trends extracted from Porcupine Gorge, Queensland, Australia. n = 81, 629 
aperture = 11#, weighting factor = 0.9. Note that the notably stronger central peak in 630 
the frequency-proportional plot is evidently less important relative to the others when 631 
plotted as equal area.  b) Strikes of inclusion trails in andalusite measured via 632 
horizontal thin sections from the Cooma Metamorphic Complex, NSW, Australia. n = 633 
458, aperture = 9#, weighting factor = 0.9. The equal area plot reveals that the 634 
inclusion trail strikes have a greater range than is otherwise evident in the frequency-635 
proportional plot; hence the apparent widening.  This is a common, inadvertent, mis-636 
representation in inclusion trail studies of this kind. 637 
 638 
Figure 5.  a) An unmodified output from the MATLAB® version of MARD. b) The 639 
same plot after customisation to preference using a vector-based graphics package.  640 
The data are in-situ long axis orientations of Syntarsis rhodesiensis (Dinosauria, 641 
theropoda) bones from a sedimentary sequence in Zimbabwe (Roberts et al, unpubl. 642 
data).  n = 91, aperture = 17#, weighting factor = 0.95, equal area. 643 
 644 
Figure 6. Finalising an output exported from the Octave version of MARD in a 645 
vector-based graphics package. a) Original plot. b) Final plot following the 646 
positioning of a circle within the initial square, the latter removed and modification to 647 
preference.  Dataset and applied parameters are the same as Fig. 5.  n = 91, aperture = 648 
17#, weighting factor = 0.95, equal area. 649 
 650 
Figure 7.  Unmodified output from the Excel version of MARD, prior to any 651 
customisation.  Dataset and applied parameters are the same as figs. 5 & 6.  n = 91, 652 
aperture = 17#, weighting factor = 0.95, equal area. 653 
 654 
 655 
Figure 8.  Microfracture orientations in garnet porphyroclasts within the Mtilikwe 656 
shear zone, Zimbabwe (Blenkinsop & Kisters, 2005).  n = 149, aperture = 9#, 657 
weighting factor = 0.9, equal area. 658 
 659 
Figure 9.  Porphyroblast inclusion trail pitches in 2-dimensional section in andalusite 660 
and cordierite from the Cooma Complex of S.E. Australia shown on a single moving 661 
average plot.  n (andalusite) = 1446.  n (cordierite) = 1806.  Measurements extracted 662 
from orientated vertical thin sections orthogonal to the strike of the internal foliation 663 
to ensure maximum pitch representation.  The opacity of the cordierite has been 664 
reduced to 90% such that the andalusite plot may be observed underneath it665 
simultaneously.  Aperture = 9#, weighting factor = 0.9, equal area. 666 
* MARD is an application for generating Moving Average Rose Diagrams 
* Moving average rose diagrams are more informative than conventional binned equivalents 
* MARD is available in three easy-to-use versions: MATLAB, GNU Octave, and Microsoft Excel 
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TABLE 1:  
 
 
MATLAB® Microsoft® Excel GNU Octave 
Requires a MATLAB® 
licence 
Requires Microsoft Office 
(Note: not compatible with 
2008 version for Macintosh). 
Requires Octave + 








Plots single or multiple 
datasets simultaneously 
Single data set Plots single or multiple 
datasets simultaneously 
Data entry: compass 
azimuths or pitch 
inclinations 
Data entry: raw azimuth data Data entry: compass 
azimuths or pitch 
inclinations 
Primary rose functions: 
uni-directional data, bi-
directional data and lower 
semi-circle plot for 
pitches/dips 
Uni-directional and bi-
directional data functions 
only 
Primary rose functions: 
uni-directional data, bi-
directional data and 
lower semi-circle plot 
for pitches/dips 
Plot formatting may be 
done ‘in-house’ via 
MATLAB® commands, or 
more comprehensively in 
a vector-based graphics 
package following 
exporting of the plot 
(recommended). 
Plot formatting through Excel 
commands: some limitations 
Formatting must be 
done in external vector-
based graphics package 
(required). 
Rose Diagram may be 
copied to clipboard, or 
saved as eps, ai, pdf, png, 
tif, jpg, or pcx. 
Rose Diagram may be copied 
to clipboard, or saved as png, 
jpeg, pdf, gif or bitmap  
eps format only  
Circular Statistics: vector 




Circular Statistics: vector 
mean, mean resultant, circular 
standard deviation, circular 
variance/dispersion. 
Circular Statistics: 







Code - MATLAB version of MARD
Code - GNU Octave version of MARD
Code - Excel macro version of MARD
Code - MARD instruction guide
Code - MARD ReadMe
Computer Code
